With the availability to high-accuracy a priori zenith wet delay (ZWD) data, the positioning efficiency of the precise point positioning (PPP) processing can be effectively improved, including accelerating the convergence time and improving the positioning precision, in ground-based Global Navigation Satellite System (GNSS) technology. Considering the limitations existing in the state-of-the-art ZWD models, this paper established and evaluated a new in-situ meteorological observation-based grid model for estimating ZWD named GridZWD using the radiosonde data and the European Centre for Medium-Range Weather Forecasts (ECWMF) data. The results show that ZWD has a strong correlation with the meteorological parameter water vapor pressure in continental and high-latitude regions. The root of mean square error (RMS) of 24.6 mm and 36.0 mm are achievable by the GridZWD model when evaluated with the ECWMF data and the radiosonde data, respectively. An accuracy improvement of approximately 10%~30% compared with the state-of-the-art models (e.g., the Saastamoinen, Hopfield and GPT2w models) can be found for the new built model.
Introduction
In the precise point positioning (PPP) processing, the zenith hydrostatic delay (ZHD) is usually computed using ZHD models and meteorological data, whereas the zenith wet delay (ZWD) is estimated as a parameter in ground-based Global Navigation Satellite System (GNSS) technology [1, 2] . Since the availability to high-accuracy a priori ZWD data can effectively improve PPP positioning efficiency, including accelerating the convergence time and improving the positioning precision [3] [4] [5] , efforts have been made to build ZWD models to obtain high-precision ZWD estimates. Usually, the ZWD models can be classified into two types: the in-situ meteorological observation-based model and the empirical model. The in-situ meteorological observation-based model requires meteorological data, including the temperature, pressure or humidity, obtained from the in-situ meteorological sensors or the numerical weather prediction (NWP) model's products as inputs. The Saastamoinen [6] and the Hopfield models [7] are widely used in-situ meteorological observation-based models. Note that the Saastamoinen-ZHD model can rather accurately estimate ZHD with measured pressure, whereas the Saastamoinen-ZWD model shows lower accuracy for the sophisticated variation of ZWD [8] . The empirical model does not depend on meteorological data and only the location (latitude, longitude and altitude) of a GNSS receiver and the specific time are required as inputs. In the early stage, the spherical harmonics function is usually employed to establish tropospheric correction models [9] [10] [11] [12] [13] . Recently, tropospheric correction models were constructed by storing model coefficients in a grid form with different spatial resolutions, which can account for both latitudinal and longitudinal variations [14] [15] [16] [17] . The grid empirical model has been demonstrated with high accuracy and robustness, and the GPT2w model is one of the most widely used grid empirical models [18] .
The coefficients of the existing in-situ meteorological observation-based models are usually globally uniform [8] , rendering them insufficient to express geographic difference and reflect regional characteristics. ZWD series derived from empirical models are always "too smooth", thus having low capability to capture the sudden changes or spike-shaped peaks emerging during the real meteorological process. In this contribution, we established and evaluated a new in-situ meteorological observation-based grid model for estimating ZWD using the radiosonde data and the European Centre for Medium-Range Weather Forecasts (ECWMF) data, in expectation to eliminate these limitations and to improve the precision of ZWD estimate. This paper is structed as follows: Section 2 describes the experimental data and the relevant methods. The establishment of the model is described in Section 3, followed by the evaluation results in Section 4. The conclusions are given in Section 5.
Data and Methods

Radiosonde Data
The radiosonde data derives from the radiosonde dataset of the National Climate Data Center (NCDC), which can be obtained via the Integrated Global Radiosonde Archive (IGRA). The IGRA includes high-quality observational data derived from more than 1500 radiosondes and sounding balloons from the 1960s, and users can download it for free online. The radiosonde measurements provide the temperature and humidity profiles two times each day. Since our experimental time is 2013-2016, we selected the radiosonde stations where the data for this period are available. The radiosonde stations with a lot of missing data were discarded. Eventually, in total 678 globally distributed radiosonde stations were selected, and their distribution is shown in Figure 1 . 
European Centre for Medium-Range Weather Forecasts (ECWMF) Data
The ECWMF dataset is a kind of NWP model's products [19] . In this study, the ERA-Interim reanalysis of ECMWF was used for experiment. The ERA-Interim is an accurate global atmospheric reanalysis product published by ECMWF recently, which has higher quality than the previous product of ECMWF (i.e., the ERA-40 reanalysis) for higher precision and higher spatial and temporal resolutions [20] . Significant improvements have been made in the ECWMF ERA-Interim reanalysis by using the most advanced 4D-variation assimilation technologies. Besides, the ERA-Interim considers the representations of the hydrological cycle, the quality of the stratospheric circulation, and the consistency in the reanalyzed fields. The ECWMF ERA-Interim reanalysis can offer ample grid meteorological data from 1979 with the highest spatial resolution of 0.125 • × 0.125 • and the highest temporal resolution of 6 hours, which can be downloaded for free online. The ECMWF ERA-Interim reanalysis can provide the surface data and the pressure-level data of 37 levels from 1000 hPa to 1 hPa. In this study, the meteorological data derived from ECMWF ERA-Interim reanalysis with a spatial horizontal of 2.5 • × 2.5 • on a global scale at 00 UTC each day for the period of 4 years (2013-2016) were used to conduct the experiment.
ZWD Calculation Using Meteorological Data
Neither of the radiosonde measurements nor the ECMWF provides ZWD data directly, whereas the meteorological data derived from them can be used to calculate high-accuracy ZWD values. Literature [21] provided the methodology to calculate ZWD with meteorological data by directly computing the integral for wet refractive index:
where N w denotes the wet refractive index, i is the ith atmosphere layer, ∆h i denotes the atmosphere thickness at the ith layer (m), k 2 (16.52 K/hPa) and k 3 (377,600 K 2 /hPa) are the atmospheric refractive index constants [22] , T denotes the atmospheric temperature (K), and e denotes the water vapor pressure (hPa).
Saastamoinen-ZWD Model
Among the in-situ meteorological observation-based models, the Saastamoinen model [6] is widely used, especially in GNSS meteorology [21, [23] [24] [25] , because it can rather accurately estimate ZHD with measured pressure. However, the Saastamoinen-derived ZWD has large uncertainty due to the high correlation between ZWD and changeable water vapor. The equation of the Saastamoinen-ZWD model is shown as:
where T and e are the temperature (K) and the water vapor pressure (hPa) at the height of the GNSS receiver, respectively, φ stands for the receiver latitude (radians), and h denotes the receiver height (m) above the mean sea level.
Hopfield-ZWD Model
Another widely used in-situ meteorological observation-based model is the Hopfield model [7] , the ZWD calculation equation of which is shown as:
where h w denotes the top height of the wet troposphere, which is approximately 11,000 m, the other parameters are the same as those in Equation (3).
GPT2w Model
The GPT2w model is a widely used empirical tropospheric correction model developed in literature [18] . The monthly mean pressure-level data of ECMWF data were used to build GPT2w, and it can provide the grid data of the mean, the annual and semi-annual parameters for a lot of meteorological elements, the equation of which is described as: It should be noted that the GPT2w model cannot directly provide the ZWD data, the ZWD value should be calculated using the ZWD model presented in literature [23] , the equation of which is shown as:
where k 2 , k 3 and e are the same as those in Equation (3), R d (3.3776 × 105 k·mb −1 ) denotes the dry air ratio gas constant, g m (9.80655 m/s 2 ) means the mean gravitational acceleration, T m represents the weighted mean temperature (K), and λ denotes the decrease factor of water vapor pressure. The values of e, T m and λ can be obtained from the GPT2w model.
Establishment of the Model
Correlation between ZWD and Water Vapor Pressure
It can be found from the equations shown in Section 2 that the water vapor pressure e is a critical parameter to calculate ZWD. In this contribution, we first analyzed the correlation between ZWD and e. Figure 2c shows the linear correlation between the ZWD and e at the radiosonde station 71964. The ZWD can be very well fitted by the water vapor pressure. The correlation coefficient between them is 0.93, which indicates a rather high correlation. To observe the correlation between ZWD and e on a global scale, we calculated the correlation coefficients of them at each grid point with a spatial resolution of 2.5 • × 2.5 • using the 3-year period (2013-2015) ECMWF data, and the results are shown in Figure 3 . As can be seen in Figure 3 , ZWD has a strong correlation with e in most of the regions. The correlation coefficients are relatively low in tropics, whereas for the grid points at high-latitude or continental regions, the correlation coefficients are relatively large and most of the values are larger than 0.9. 
Expression of the Formula and Determination of the Coefficients
According to the correlation analysis above, ZWD has a strong correlation with e, especially in high-latitude or continental regions. Thus, a linear regression ZWD model can be built by calculating the proportionality coefficient between ZWD and e. However, the correlation between ZWD and e is weak in low-latitude regions and the residuals can still be large just using the linear relationship between ZWD and e to build the model. Therefore, a nonlinear periodic function is used to model the residuals to refine the relationship. The final equations of the model are given below: 
where e indicates the water vapor pressure (hPa), ∆ZWD is the ZWD residual (mm), doy means the day of year, a 0 represents the proportionality coefficient, a 1 , a 2 , a 3 , a 4 and a 5 are coefficients of the seasonal residual correction function, a 1 denotes the mean value, (a 1 , a 2 ) indicate the annual amplitude, and (a 3 , a 4 ) are the semi-annual amplitude.
The grid ZWDs with a spatial resolution of 2.5 • × 2.5 • derived from the ECMWF data of 3 years (2013-2015) were used to determine the model coefficients with the least squares method. The model is called GridZWD. The coefficient of each grid point can exhibit the regional trait of the area around this grid point. Therefore, though the GridZWD is a global model, it can reflect regional characteristics with high accuracy and spatial resolution. Furthermore, since the new built GridZWD model has correlation with the measured water vapor pressure, it can capture the sudden changes or spike-shaped peaks in the ZWD series with better performance than the pure empirical model (e.g., the GPT2w model). The global distributions of the proportionality coefficients and the mean values of the residuals are shown in Figure 4 . As shown in Figure 4a , the proportionality coefficients are smaller in the low-latitude regions and larger in the high-latitude regions, especially in the polar regions. This may be due to the weak correlation between ZWD and e in the tropics. Additionally, the proportionality coefficients are large in some high-altitude ice-covered regions (e.g., the Qinghai-Tibetan Plateau and the Cordillera Range). Furthermore, the proportionality coefficients are large in the near-equatorial regions and in the North Sahara Desert, but are very small in some boundary areas between the oceanic and continental regions. Note that the directions of these boundary areas are similar to those of the northeast sectors (the northern hemisphere) and the southeast trades (the southern hemisphere), indicating that the distribution of the relation between ZWD and e may have correlation with thermodynamic circulation. As can be observed from Figure 4b , the mean values of the residuals are generally positive in the continental and high-latitude regions, whereas they are negative in the oceanic regions.
When we calculate ZWD at the location of a GNSS receiver, the water vapor pressure value is required, which can be obtained either from the collocated meteorological observation instruments, nearby radiosonde measurements, NWP model's output or empirical models. Note that with the extensive distribution of the humidity sensors globally, the value of water vapor pressure can be obtained in real time in most of the regions. Thus, the GridZWD model built in this paper still has profound potential for real time application. The coefficients of four grid points closest to the GNSS receiver are used to calculate the coefficients of this location employing bilinear interpolation methodology. Then, the ZWD at the height of the water vapor pressure can be derived using Equations (7) and (8) with the obtained water vapor pressure. If the height of the water vapor pressure and the height of the GNSS receiver are different, a vertical correction is necessary to reduce the uncertainty of the derived ZWD value. The vertical correction method used in the TropGrid2 model [14] is employed, the equation of which is shown as:
where ZWD 0 and ZWD are the zenith wet delay (mm) at the height (m) of the obtained water vapor pressure (h 0 ) and the height (m) of the GNSS receiver (h), respectively, and q ZWD denotes the ZWD scale height, which is usually approximately 2000 m.
Evaluation Results
The evaluation results of the new built ZWD model are presented in this section. The Bias and the root of mean square error (RMS) are chosen as criteria to perform the evaluation. The equations are:
where ZWD * i denotes the reference value, ZWD i denotes the estimated value, and n is the number of observations. The Bias reflects the deviation between the estimated and reference values, whereas RMS reflects the accuracy and robustness of a model. Note that the ZWD values have large geographic difference. These values are small (dry) in the high-latitude regions and large (moist) in the low-latitude regions [3, 4] . In the moist (low-latitude) areas, the ZWD values can reach up to 300 mm, whereas in the dry (high-latitude) areas, they are sometimes smaller than 20 mm. Therefore, employing the Bias and the RMS to reveal the geographic distribution of the uncertainty of a ZWD model in a map figure is inappropriate. Considering this problem, we introduce the mean relative bias (MRB) and the relative root of mean square error (RRMS) as two additional criteria for evaluation. The equations of MRB and RRMS are presented as:
Evaluation with the ECMWF Data
The ZWD series derived from the ECMWF data with a spatial resolution of 2.5 • × 2.5 • at 00 UTC over the whole 2016 year, which are different from those used for model establishment, were used as references. The ZWD estimates derived from two in-situ meteorological observation-based models (Saastamoinen and Hopfield), one empirical model (GPT2w) and the new built model (GridZWD) were compared with the references. The Bias, RMS, MRB and RRMS for each grid point were calculated. The global distributions of the MRBs and RRMSs of each model are shown in Figure 5 .
According to the first column (MRB column) of Figure 5 , the Saastamoinen model and the Hopfield model tend to have positive MRBs when estimating ZWD in the continental, high-latitude, tropical and ice-covered areas, whereas the MRBs of these two models tend to be negative in the oceanic and some land-sea boundary areas. This result indicates that the uncertainty of the in-situ meteorological observation-based ZWD model may have correlation with thermodynamic circulation, oceanic influence and glacial effect. The MRB of the GPT2w model is smaller than that of Saastamoinen and Hopfield models, but is larger than that of GridZWD model. It can be found from Figure 5b ,d that the in-situ meteorological observation-based ZWD models (i.e., the Saastamoinen and Hopfield models) have large uncertainties in the ice-covered, polar, and some land-sea boundary regions. This is mainly due to the large MRB of the in-situ meteorological observation-based ZWD model in these regions. It can be observed from Figure 5f that the GPT2w model has smaller uncertainty in the low-latitude regions, whereas the RRMSs of the GPT2w model are much higher than those of the other three models in the high-latitude regions. This is due to the limitations of empirical models. Because of the influence of the oceans and the lack of a Coriolis effect, the synoptic variability in the tropics is far less than that in the other regions, whereas the high-latitude regions have large synoptic variability. Therefore, in high-latitude regions, more and larger sudden changes and spike-shaped peaks can be observed in the ZWD values during the real meteorological process. The ZWD estimates derived from the GPT2w model, which is an empirical model, are always "too smooth", thus having low capability to capture those sudden changes or spike-shaped peaks, contributing to small MRB and large RRMS in high-latitude regions. Nevertheless, the other three models (i.e., the Saastamoinen, Hopfield and GridZWD models) are all in-situ meteorological observation-based models, where the meteorological data are required as inputs, so the ZWD values estimated from them can capture the sudden changes or spike-shaped peaks better than GPT2w model, contributing to lower RRMS. According to the statistics, the average RMSs of all the grid points of the Saastamoinen and Hopfield models are 30.6 mm and 32.2 mm, respectively. The GPT2w model has an average RMS of 33.3 mm and the GridZWD model has an average RMS of only 24.6 mm. Therefore, the accuracy improvements of approximately 19.7%, 23.7% and 26.1% are achievable by the GridZWD model when compared with the Saastamoinen, Hopfield and GPT2w models, respectively. 
Evaluation with the Radiosonde Data
The ZWDs derived from the radiosonde measurements of the 678 stations for the 2016 year were used as independent references to evaluate the precisions of the Saastamoinen, Hopfield, GPT2w and GridZTD models. The statistical comparisons are summarized in Figure 6 . The Figure 6a Figure 6 shows that the MRBs of the Saastamoinen and Hopfield models are larger than those of the GPT2w and GridZWD models and are positive. This is due to that these two in-situ meteorological observation-based models mainly have large positive MRBs in the continental areas (as is shown in Figure 5a ,c), where most of the radiosonde stations are located. As can be seen from Figure 6a , the geographic distributions of the RMSs and RRMSs are different. The RMSs are larger in the low-latitude regions and smaller in the high-latitude regions, whereas the RRMSs are larger in the high-latitude regions and smaller in the low-latitude regions. The difference between the geographic distribution of RMSs and RRMSs is linked to to the increased humidity and the less synoptic variability in the low-latitude regions [3, 4, 8] . The GridZWD model shows smaller uncertainty than the other three models in all of the latitude bands, indicating the performance of the new built model for estimating ZWD with higher accuracy and robustness. Figure 6b ,c displays the accuracies of different models in different months or seasons, from which we can find that the seasonal distributions of the RMSs and RRMSs are also different. For the northern hemisphere, which is shown in Figure 6b , the RMSs in summer are larger than those in winter, whereas the RRMSs are larger in winter and smaller in summer. This is caused by the larger quantity and smaller variability of humidity or water vapor in summer in the northern hemisphere. However, as can be observed from Figure 6c , the case of the southern hemisphere is opposite, which has smaller RMSs and larger RRMSs in summer, and has larger RMSs and smaller RRMSs in winter. For both the northern and southern hemispheres, the GridZWD model has a smaller RMS or RRMS than the Saastamoinen, Hopfield and GPT2w models during the whole 2016 year, demonstrating its superiority to the other three models. Statistics were made to calculate the average RMS of each model for all the 678 stations with the whole 2016 year. The results show that the Saastamoinen model has an average RMS of 41.3 mm, the Hopfield model has an average RMS of 44.6 mm and the GPT2w model has an average RMS of 43.6 mm. The average RMS of the GridZWD model is 36.0 mm, achieving a precision's improvement of approximately 12.6%, 19.1% and 17.2% compared with the Saastamoinen, Hopfield and GPT2w models, respectively.
Conclusions
Zenith wet delay (ZWD) is usually treated as an estimated parameter in the precise point positioning (PPP) processing in ground-based Global Navigation Satellite System (GNSS) technology. Having access to high-accuracy a priori ZWD data can effectively improve PPP positioning efficiency, including accelerating the convergence time and improving the positioning precision. Thus, efforts have been made to build high-accuracy ZWD models. However, limitations can still be found in the ZWD models developed in previous studies. In this contribution, we used the radiosonde data and the European Centre for Medium-Range Weather Forecasts (ECWMF) data to investigate the relationship between ZWD and meteorological parameters. The results show that ZWD has a strong correlation with the meteorological parameter water vapor pressure e in continental and high-latitude regions and the correlation coefficients of them can reach up to 0.9 in most of the regions. Based on the analysis results, we established a new in-situ meteorological observation-based grid model called GridZWD. Another dataset of the radiosonde measurements and the ECMWF were used for evaluating the performance of the GridZWD model. The precisions of two classical in-situ meteorological observation-based models (i.e., the Saastamoinen and Hopfield models) and one state-of-the-art empirical model (i.e., the GPT2w model) were also evaluated. The results show that the Saastamoinen and Hopfield models tend to have large positive mean relative bias (MRB)s in the continental, high-latitude, tropical and ice-covered areas, but have large negative MRBs in the oceanic and some land-sea boundary areas, indicating that the uncertainty of in-situ meteorological observation-based ZWD models may have correlation with thermodynamic circulation, oceanic influence and glacial effect. The GPT2w model has large relative root mean square (RRMS)s in high-latitude regions, reflecting the limitations in empirical models. The MRBs and RRMSs of the GridZWD model are smaller than the other three models in any latitude band or in any season. When evaluated with the ECMWF data, the root of mean square error (RMS) of 24. 
